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1. Introduction 
Investing in financial markets from a normative point of view has been studied extensively over the past 
decades, numerous theories being elaborated with regards to financial return, financial risk and both of the prior 
taken together in the practice of investing. Most of the theoretical frameworks that have been proposed in the 
literature are based on the main criterion of individual rationality – the investor acts as if he is maximizing a 
certain expected utility (in the financial sense, he is maximizing his welfare), notion that was first approached 
by von Neumann and Morgenstern, 1947.Markowitz, 1952, proposed a mathematical framework for investment 
allocation on financial markets – proposal that was the foundation for modern portfolio theory. It represents a 
cornerstone in modern financial theory as it provides a means for investors to model the allocation of assets 
within a portfolio for a given required return and selected risk. Sharpe, 1964, develops the CAPM model which 
can be used to model the return of an asset, given a certain level of risk the investor is willing to take. Of 
course, both of these important theories, along with other major studies in the financial markets literature, are 
coupled in the rationality mentioned above. This rationality, taken aggregately, comprises the basis for financial 
markets efficiency, developed by Fama, 1970, which states that financial markets are able to publicly reveal all 
information to market participants, the latter being able to take full informed decisions with regards to their 
trading positions. However, human emotions and irrationality managed to play their role in financial markets 
movements, both of these factors being studied from a psychological stance by researchers starting with the 
1970s. The rather novel field of behavioral finance appears, under prospect theory, developed by Kahneman 
and Tversky, 1979.The history of literature on financial markets, both from a traditional and a behavioral point 
of view is extensive and leads to the current study on investing biases. As mentioned above, behavioral finance 
is a field that captures the irrationality of investors, biases that investors are prone to. These cognitive errors are 
due to investors’ inability to certainly know market movements for the next periods, which inclines them to 
make biased decisions. Of course, these can prove to be both poor and beneficial for their welfare. The next 
section describes three behavioral biases that investors are inclined to fall into. Upon this analysis, we start 
developing our empirical framework to analyze investors’ decisions on the Romanian stock market.  
2. Literature review and behavioral biases 
People make irrational decisions in everyday events. Such non-optimal decisions are also taken in the 
marketplace, where the pressure of losing money can build up intensively, leading to serious psychological 
cognitive errors. These faulty decisions arise mainly because of human heuristic simplification under risk and 
uncertainty. We will test for irrational trading decisions in section 3, by studying the following three behavioral 
biases. 
 
2.1 Overconfidence 
 
Overconfidence is a state in which people tend to think they are better than they really are (Trivers, 1991). 
Investors that exhibit overconfidence in their trading behavior are likely to expect larger returns during periods 
of boom on financial markets and such investors also attribute their successes to their skills, while their failures 
are attributed to “bad luck”. Both psychological and behavioral studies have been developed on overconfidence 
(Campbell, Goodie and Foster, 2004, Lichtenstein et al., 1982). Another important sign of overconfidence is 
given by trading frequency, these data being used as a proxy for measuring it. Under this hypothesis, Barber 
and Odean, 2001, have found that US traders trade excessively, revealing a high degree of risk, while making 
poor investment decisions after buying stocks. Furthermore, using data from a brokerage account in China, 
Chen et al., 2007, have argued that the Chinese investors show both a disposition effect and a 
representativeness bias, while also revealing overconfidence in their trading decisions. The overconfidence was 
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also studied in comparison with US traders, which tend to hold on more to their stocks and trade less than their 
Chinese counterparts. However, the frequency of trading decisions can be a noisy measure of overconfidence, 
as investors can use both their skills and superior information of the marketplace to speed the process of 
trading. Chen et al., 2007, argue that trading frequency can be measured by analyzing two main types of 
investors: those with superior information, but who wrongly believe they have superior trading skills (therefore 
exhibiting overconfidence) and those who are indeed superior to other, from a technical trading standpoint, but 
with no information. On average, the trading frequency represents the overconfident behavior for investors.  
 
2.2 Disposition effect 
If we are to analyze the emotive factors that influence investing decisions, we would conclude that ex-post 
feelings about investment behavior can influence traders’ behavior and lead to an important bias. The 
disposition effect describes the tendency of investors to sell stocks that have subsequently performed better, 
while keeping the stocks that have performed poor, believing that the latter would increase in value. This is also 
consistent with the anchoring effect, present in prospect theory (Kahneman, Tversky, 1979). According to 
prospect theory, the utility function is convex in losses and concave in the area of winning – thus implying risk 
aversion in the area of winning. Under this note, Nofsinger, 2005, finds that investors have their pride 
stimulated after having sold stocks which have increased in value (the winners), thus validating a good decision 
to buy the stock in the first place. On the other hand, investors tend to hang on more to the “losers” (i.e. that 
have declined in value post-purchase), as the selling decision of such a stock leads to regret. The same behavior 
has been observed by Shefrin, Statman, 1985 – investing in financial markets creates the predisposition to keep 
stocks that have decreased in value, in order to avoid regret. The finding is consistent with Odean, 1998a. This 
type of behavior clearly indicates that stocks are regarded at an individual level, rather than at a portfolio level, 
investors keeping track of individual stock performance. The disposition effect therefore combines the 
application of mental accounting from prospect theory with the above findings. 
2.3 Representativeness bias 
One other major bias that investors have been prone to which violates traditional financial theory is the 
representativeness bias. This state determines investors to take investment decisions that are based on 
probability judgments of the outcomes that systematically violate Bayes’ rule (Kahneman, Tversky, 
1973).Investors have been shown to constantly choose to invest in stocks emitted by “glamour” companies, 
misattributing their good characteristics (quality products, managers and other fundamentals) to a good 
investment decision. It has also been shown that investors were prone to invest in stocks with higher recent past 
returns, the latter being consider as representative for future returns (DeBondt, 1993).  This is consistent with 
Dhar, Kumar (2001) who have investigated the price trends of stocks and have shown that stocks with positive 
abnormal recent returns are preferred to others. 
2.4 Investor characteristics 
In order to analyze the above mentioned variables, we proceed with introducing three indicators as 
characteristics of investors. Two indicators can be inferred from the transactions that have taken place, the end 
account value for each investor and the frequent trading dummy. The end account value is calculated as the 
total number of sales minus the total number of purchases and the frequent trading dummy is a dummy variable 
that takes the value 1 when the account is in the first half with respect to trading frequency (i.e. the first 10 
accounts) and the value 0 for the other 11 accounts. One indicator is given, the age of investors, in years. 
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3. Empirical study of Romanian investors behavioral biases 
The Bucharest Stock Exchange (“Bursa de Valori, BucureЮti”) has been the main financial market in 
Romania since 1881. There are 197 companies listed with a total market capitalization of 133.7 billion RON 
(approx.30.4 billion EUR).† Due to political and economic transitions over the last decades, investing in 
financial markets by Romanian investors has remained a rather opaque subject, as there seems to be a national 
risk aversion concerning such investments. This aversion has increased mainly after the fall of the communist 
regime in 1990. Up until 2012, the main regulatory and supervisory body was CNVM (“Consiliul Naаional al 
Valorilor Mobiliare”), its role being passed on to ASF (“Autoritatea de SupraveghereFinanciară”) in 2013. 
The market benchmark index is the BET (listed in 1998), comprised of the 10 most liquid listed companies. 
3.1 Data analysis 
Our dataset contains 21 accounts of individual investors with a historical dataset from the beginning of the 
year 2011 to its end.‡ Due to the high unavailability and confidentiality clauses of brokerage firms from 
Romania, only these observations will be taken into account in this study.The brokerage account data has been 
received through an entity acting as an intermediary between individual investors and the Romanian Stock 
Exchange. We therefore analyzed the behavior of individual investors throughout the year 2011. Summary 
statistics can be found in Table 1. 
Table 1. Descriptive statistics of the brokerage accounts 
Individual investors Average Total 
End account value (RON) 93000.51 1953010.73 
Trading frequency (trades per month) 86 1813 
Transaction volume (quantity) 5393648 113266609 
Number of stocks (quantity) 29 611 
 
3.2 The models  
 
In the next section, we will adopt the methodologies proposed by Chen et al (2007), while also taking into 
account certain indicators presented by Barber and Odean (2001) and Odean (1998a, 1999). In each of the 
subsequent three models, we will use multiple linear regressions to estimate overconfidence, the disposition 
effect and traders’ trading performance. The independent variables are given by the individual investors’ 
characteristics: investors’ age, frequent trading dummy and account value at the end of the year.  
 
3.2.1 Overconfidence 
 
We study overconfidence by assessing the following three variables as proxies: trading frequency, mean 
monthly portfolio turnover and diversification of individual portfolios. Each of the previous indicators will be 
 
 
†Source: www.bvb.ro,Statistics section, 2014. 
‡ The author would like to thank Goldring society for providing the necessary information. In order to ensure full 
confidentiality of the data, no names or other personal information were disclosed and none of information can be 
transferred to any other third parties.
204   Filip-Mihai Toma /  Procedia Economics and Finance  32 ( 2015 )  200 – 207 
introduced within a multiple linear regression. Trading frequency is computed for each investor by averaging 
the number of traded stocks in each month, as follows: 
 
ܨ݆ ൌ ͳ݊ σ ܰ݅݊݅ൌͳ ,           (1) 
 
where ܨ௝  represents the trading frequency for investor ݆  and ௜ܰ is the number of trades (either sales or 
purchases) in each month.We compute the monthly turnover for each investor according to the below formula, 
after which we calculate the average for all investors. 
 
ܴݐ݆ ൌ ͳʹ ሺσ ܵ௧
ܰݐ
݆
݅ൌͳ ൅ σ ௧ܲܰݐ
݆
݅ൌͳ ሻ,         (2) 
 
where ܴ௧௝ is the monthly turnover for account ݆ at time ݐ, ௧ܰ௝ is the number of observations (i.e. months) for 
each account ݆, ௧ܵ  denotes the total value of sales from a certain month and ௧ܲ  denotes the total number of 
purchases in a certain month. This indicators are aggregated throughout all stocks. Diversification of individual 
portfolios is calculated by counting the total number of stocks held by an investor throughout the period in 
question.  
 
3.2.2 The disposition effect 
 
We assess the disposition effect by computing the relative size of the PGR indicator over the PLR indicator. 
Proportion of gains realized (PGR) can be calculated as: 
 
ܲܩܴ ൌ ோ௘௔௟௜௭௘ௗ௚௔௜௡௦ሺோ௘௔௟௜௭௘ௗ௚௔௜௡௦ା௉௔௣௘௥௚௔௜௡௦ሻ,          (3) 
 
Here, the numerator indicates the return of the investor after having sold a stock that has done well after he 
had initially bought it. The denominator contains paper gains as well, which are the returns the investor would 
have made if he had sold the stock with a return, but did not. 
 
The proportion of losses realized can be computed as: 
 
ܲܮܴ ൌ ோ௘௔௟௜௭௘ௗ௟௢௦௦௘௦ሺோ௘௔௟௜௭௘ௗ௟௢௦௦௘௦ା௉௔௣௘௥௟௢௦௦௘௦ሻ,          (4) 
 
The same interpretation applies: the numerator indicates the stocks the investor sold at a lower price than the 
one he had bought them at, while the denominator includes the paper losses as well – the stocks that the 
investor did not sell after they had fallen in value, but preferred to keep them in the portfolio. A large PGR 
relative to PLR indicates that investors tend to sell their winners more than their losers. Calculations of the 
above indicators for our dataset can be found in Table 2. 
 
Table 2. The disposition effect 
Variable Average Total 
PGR 0.5173 10.8638 
PLR 0.2108 4.4286 
PGR/PLR 3.2856 68.9982 
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We can see that there is a strong disposition effect present for our sample of investors. The average ratio 
between the proportion of realized gains and the proportion of losses realized surpasses the value of one with 
more than two units, this being a clear indicator of the disposition effect.  
 
3.2.3 Representativeness bias 
 
Finally, we analyze the investors ‘representativeness bias by estimating mean monthly abnormal returns of 
the purchased stocks for each investor. We considered an abnormal return any return that surpassed a given 
threshold, be it negative or positive. For simplicity and given the low number of observations, the chosen 
threshold and the mean monthly abnormal returnee computed as: 
 
ݑ ൌ ͷ ή ଵ௡ ሺܵݐ ൅ ܲݐሻ,          (5) 
 
ߟ ൌ ଵ௡ ൤൬σ ܵݐȁܵݐ
ே೟ೕ
௜ୀଵ ൐ ݑ൰ ൅ ൬ฬσ ሺܲݐே೟
ೕ
௜ୀଵ ȁܲݐ ൏ ݑሻฬ൰൨,       (6) 
 
where ߟ is the mean monthly abnormal return, ݑis the threshold. 
 
3.3 Results and interpretation 
 
The following multiple linear regressions were estimated, having as dependent variable each of the above 
described indicators: 
 
ݕ ൌ ߚ଴ ൅ ߚଵ݅݊ݒ݁ݏݐ݋ݎݏԢܽ݃݁ ൅ ߚଶ݂ݎ݁ݍݑ݁݊ݐݐݎܽ݀݅݊݃݀ݑ݉݉ݕ ൅ ߚଷܽܿܿ݋ݑ݊ݐݒ݈ܽݑ݁ ൅ ߝ,   (7) 
 
where ݕ becomes each of the indicators computed above each time we run the regression. We therefore proceed 
with the estimation of five linear regressions. Results are presented in Table 3. 
 
Table 3. Linear regression results 
 Dependent variables 
Independent variables Trading frequency 
Mean 
monthly 
turnover 
Mean 
monthly 
no. stocks 
ܲܩܴ
ܲܮܴ 
Representativeness 
bias 
Intercept 
3.5913*** 
(4.9792) 
10.8645*** 
(1.8365) 
2.9656*** 
(13.0327) 
4.2197*** 
(2.7575) 
3.5841*** 
(2.6859) 
Investors’ age 
-0.0213** 
(-1.9232) 
-0.0252** 
(-2.0644) 
- 
- 
-0.0196 
(-0.6271) 
-0.0091 
(-0.8118) 
End account value 
0 
(-1.0850) 
0.0002*** 
(2.7178) 
-0.0001*** 
(-2.9846) 
0 
(-2.0006) 
0.7765*** 
(4.4981) 
Frequent trading dummy 
2.4911*** 
(7.6153) 
2.2727*** 
(6.6720) 
1.1969 
(4.7429) 
1.0813 
(1.1339) 
2.2577*** 
(7.0990) 
R - squared 75.02% 77.10% 61.54% 20% 82.37% 
Note: Here, we display the coefficients for each of the independent variables, with the t-statistics in parentheses below. ***, ** and * display 
statistical significance at the 1, 5 and 10 percent levels, respectively. 
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All of the significant regressions have been verified for stability and robustness, while also checking for 
serial autocorrelation, heteroskedasticity and normality among the error terms. Neither serial autocorrelation, 
nor heteroskedasticity are present amongst the innovations, while all of the latter series present normality. 
Furthermore, all of regressions have a probability of zero for the F-stat, which indicates that the coefficients are 
statistically significant. We also need to mention that all of the dependent variables have been switched into a 
natural logarithm form, so as to reduce the values of the resulting coefficients. 
Frequent trading dummy is a dummy variable that takes the value 1 when the account is in the first half with 
respect to trading frequency (i.e. the first 10 accounts) and the value 0 for the other 11 accounts. End account 
value is the account value at the end of the period, computed as total number of sales minus the total number of 
purchases. Investor’s age is the age of the investor, in years. We also add an intercept for estimation robustness. 
It is worth mentioning that in some equations, for the sake of the model, certain variables had to be removed. 
This is the case for the investors’ age in the third regression, when estimating the impact of the mean monthly 
number of stocks. These coefficients were not significant and influenced negatively the results of our 
estimation. 
We see that investors’ age influences negatively all of our dependent variables. We expect that the older the 
investor is, the more experience he has accumulated and therefore proceeds with more caution when making 
decisions to buy or sell. This is also consistent with mean monthly return of investors, as the lower the trading 
frequency, the lower the returns. Implicitly, there is also a negative relationship between the investors’ age and 
the propensity to have monthly abnormal returns (Chen et al. 2007, Barber and Odean, 2001, Odean, 1999).  
The end account value influences only three of our selected dependent variables. Investors with a higher 
account value at the end of the observation period have, on average, a higher monthly turnover. Of course, 
those with higher account values have also exhibited more monthly abnormal returns.The frequency dummy 
influences positively all of the dependent variables, this being in line with the results of similar studies. The 
mean monthly turnover is influenced positively if the investor is trading more frequently and of course that the 
higher the trading frequency, the higher the mean abnormal returns. 
Unfortunately, some of the coefficients in our study were not statistically significant within the framework 
of the present model. We refer mainly to the disposition effect, where only the intercept has a statistical effect, 
but none of the investors’ characteristics determines it. Nonetheless, this effect from the behavioral finance 
theory is present, as per Table 2.  However, given the low number of observations, we believe the results are 
consistent with the findings of similar ones (Chen et al., 2007, Barber and Odean, 2001, Odean, 1999). This 
reduced number is motivated by confidential clauses and the difficulty of brokers to process the information. 
 
4. Conclusions 
 
In this paper, we have analyzed the behavior of investors on the Romanian stock exchange to see if they are 
prone to classical behavior biases from the behavioral finance theory. We have used investors’ characteristics 
to explain investors’ overconfidence, the disposition effect and the representativeness bias. We have used as 
proxies for overconfidence the investors’ mean monthly trading frequency, the mean monthly turnover and the 
number of stocks they hold in their portfolios. Investors’ age and the frequent trading variables influence most 
these three indicators, while the end account value has a smaller influence only over the mean monthly turnover 
and the mean monthly number of stocks. The disposition effect is present, given the high PGR to PLR ratio; 
however, this proxy is not statistically significant within the multiple linear regression setting. We motivate this 
lack of influence by the low number of observations. The representativeness bias is consistent with the 
independent variables, younger investors having higher monthly abnormal returns. Also, those with a higher 
end account value and who, on average, trade more stocks have higher abnormal returns. The results of our 
regressions are mostly consistent with the studies of Chen et. al., 2007, Barber and Odean, 2001 and Odean, 
1999.Chen at al., 2007, have developed this study on Chinese investors, which posits an even higher 
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explanation for our study, as we believe that political regimes from the past might have had influence over the 
behavior of domestic investors. In the future, we would like to develop this study further, by adding other 
variables, such as gender and the time period from when the account was opened, as a proxy towards investing 
experience. Also, this would be incorporated in a framework where the number of observations would be 
significantly larger.  
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